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3.0 Methods  













Figure 1. The storm of January 27, 1983, over California as recorded in precipitation (mm) and 
temperature (°C) estimates from the NCEP/NCAR reanalysis (top panel) and VIC meteorological 
data from Maruer et al. (2002) (bottom panel). The three locations in the bottom-left figure are 











































Figure 2. Downscaled precipitation (mm) and average air temperature (°C) versions of the 
January 27, 1983, California storm using constructed analogues, applied to coarse VIC data 











Table 1. Median of correlation and RMSE between downscaled and observed daily P and Tavg 
using the reanalysis and VIC coarse data sets as predictors for the conterminous United States. 
The first (second) correlation represents the daily values with and (without) the seasonal cycle. 
The statistics shown are the median values from 52,135 gridpoints that cover the conterminous 

























































































































































Figure 4. Change in the median correlation skill of downscaled  
precipitation and temperature estimates by increasing the number  
































Table 2. Median Brier skill scores comparing the constructed analogue downscaling method to 
three different reference approaches: (a) Using a randomly selected weather pattern from a pool 
of 2275 patterns (see text) as downscaling estimation, (b) Using only the climatological mean 
values at each grid cell, and (c) using the closest naturally occurring analogue to the pattern to 
be downscaled as downscaling estimation. The statistics shown are the median BSS values 
from 52,135 gridpoints that cover the conterminous US at 1/8 degree resolution. 
 Precipitation1/2 Temperature 
(a) Randomly selected pattern 72 88 
(b) Climatological mean values at each cell  42 74 
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where the ʹ superscript denotes the transpose of the matrix.  
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From Equation 3: 




















































Figure 5. Median (dots) and interquartile range (error bars) of the distances between each 
pattern to be downscaled and its predictor weather patterns (top panel), and percentage 
variance explained by the first principal component of the most-suitable subset of predictors 
at each time of year (bottom panel). The spread of the quantiles represent the results of 25 
downscaled years. Negative distances (positive) mean that given a weather pattern at a certain 

















Figure 6. Cross-validated statistics comparing (square roots of the) downscaled daily precipitation 
rates to observed values (see text). The statistics shown are based on daily values from 25 years 
of winter (December through February), summer (June through August), and annual (all days of 


















Figure 8. Difference in the means (top panel) and standard deviations (bottom panel)  
between downscaled minus observed fields of daily precipitation for January, July,  































Figure 10. Scatter plots of downscaled versus observed daily (square root of) 
precipitation for three U.S. locations indicated in lower left panel of Figure 1 (left 
panel) and percentile distributions of the same time series (right panel); observations 




Figure 11. Average extra number of wet days per year in downscaled precipitation fields 
(compared to observations) and “zero-equivalent” precipitation. The zero-equivalent  
precipitation is the threshold below which the downscaled values would need to be set to  
zero in order to remove the (positive) biases in the number of wet days. A wet day is defined  

















Table 3. Lag-1 day autocorrelation coefficients of the anomalies  
of observed and downscaled precipitation and average air  
temperature. The coefficients shown are the median values from  
all 52,135 gridpoints at 1/8 degree resolution covering the  





















Table 4. Same as Table 1, but for two cases 
 Precipitation1/2 Temperature 
(a) averaging the daily downscaling results into 
monthly averages 
  
   R  0.72 (0.86)  0.93 (0.99) 
   RMSE 0.20 (mm day)1/2 0.78 (°C) 
   
(b) downscaling using monthly mean patterns   
   R 0.61 (0.72) 0.88 (0.99) 






























































Figure 17. Effect of changing the domain of the predictor fields on day-to-day 
correlations between observed and downscaled precipitation and temperature 





6.0 Conclusions and Discussion 
The downscaling method presented here proves to be quite simple and accurate, capturing an 
average of 50% of daily high‐resolution P variance and an average of around 67% of Tavg 
variance, across all seasons and across the contiguous United States. The downscaled P 
variations capture as much as 62% of observed variance in the coastal regions during the 
winter. When the downscaled daily estimations are accumulated into monthly means, an 
average 55% of the variance of monthly P anomalies and more than 80% of the variance of Tavg 
monthly anomalies are captured.   The downscaled linearly constructed weather patterns are 
spatially similar to observed patterns, and the temporal autocorrelation of the Tavg and P 
anomalies is only modestly (about 10%) underestimated.  The biases in monthly climatologies 
are small for both P and Tavg, but the downscaling method tends to overestimate the number of 
wet days as it tends to produce drizzle during many observed dry days.  This latter discrepancy 
can be fixed by various bias‐correction procedures (e.g., Dettinger et al. 2004; Wood et al. 2004).   
However, no bias‐correction was applied to the results shown in this study to allow a better 
evaluation of the true skill of the method. Moreover, preliminary analysis of hydrologic 
simulations of the downscaled data using the VIC model (Liang et al. 1994) for California have 
shown good agreement with similar simulations using observed meteorological data (to be 
presented separately). 
The variables used as predictors and the selection of the most suitable patterns in the diagnostic 
part of the method are very important determinants of the method’s skill, especially for P.  The 
smaller‐scale nature of daily P forcings and patterns, along with the many factors associated 
with  P production, makes it more difficult to capture intermittent P patterns from smoothly 
varying atmospheric circulation patterns than it is to capture daily Tavgs. Because coarse 
resolution P fields (whether modeled, analyzed, or observation‐based) are the variables that 
most closely match the spatial and temporal variability of the real‐world P, and because they 
represent the best synthesis of the overall potential for P from the entire collection of large‐scale 
atmospheric conditions, large‐scale P fields are also the only predictor that yielded skillful 
results in reproducing the continental P patterns.  In contrast, the daily Tavg patterns are more 
closely related to large‐scale circulations changes, and therefore, although coarse Tavg fields 
were the most skillful predictors, significant (but somewhat less) skill could also be obtained by 
using atmospheric‐circulation indicators, like Z500, as the predictors.  
The choice of predictor domains also affected the skill of downscaled P and Tavg patterns over 
the California region.  Daily Tavg patterns were best captured from synoptic or larger scale 
predictor fields. In contrast, daily P patterns were captured better using P predictors over 
smaller domains, domains closer to the typical sizes of storm systems or roughly the state scale. 
When downscaling is implemented for evaluation of climate‐change impacts on the state’s 
resources, however, a more regional predictor domain will probably be a useful compromise, 
because (1) the loss of skill in using regional (western United States) rather than state‐scale 
predictors is not large, and (2) California’s resource systems—including water and power 
(Cayan et al. 2003), as well as air quality and ecosystems—are regionally linked and dependent.  
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Because the downscaled fields are derived from a deterministic combination of historical 
patterns, the results depend only on easily understood decisions regarding which and how 
many predictor patterns to include and how the most suitable of those patterns are selected. 
Consequently, the downscaled results should be very reproducible from group to group. 
Because no stochastic component is imposed externally upon the downscaled fields, subtle and 
potentially unexpected changes and differences in the intensities, frequencies, and even day‐to‐
day timing of various weather types in model outputs will be directly reflected in the 
downscaled fields, only a single (reproducible) downscaled field is generated from each daily 
coarse‐resolution weather field. 
The constructed‐analogues method presented here can be used to downscale output from a 
variety of different climate model applications, including downscaling of reanalyzed historical 
climate variations, diagnostic experiments (e.g., climate experiments with and without tropical 
sea‐surface temperature anomalies), medium‐range to season weather and climate forecasts, 
and long‐term climate‐change projections. Presumably it could be used to patch missing data, at 
least during the period covered by various reanalyses (1948–present).  
In a climate‐change application, it will be important for the downscaling method to capture the 
high‐resolution effects of largely unprecedented trends at general circulation model (GCM) 
scales.  Projected P and Tavg trends will derive from changes in the frequencies and amplitudes 
of various daily weather patterns, some of which have already been witnessed in historical 
archives (but which will come more or less frequently or strongly under the changed climates) 
and some of which have not been witnessed before. Capturing the  high‐resolution 
consequences of the former (already witnessed) patterns is a particular strength of the method 
presented here; capturing the high‐resolution consequences of the latter (truly new) patterns 
will depend on the flexibility offered by the construction of analogues. For example, to the 
extent that temperature trends take the form of extremely persistent zonally banded warming 
patterns, the downscaling process will have to either extract these “new” patterns from 
historical analogues or construct them wholesale from collections of other historical 
temperature anomalies. 
The ability of the method presented here to accommodate these new “deformations” of the 
weather patterns associated with natural climate variability by externally derived trend patterns 
associated with anthropogenic climate change must be evaluated. Depending on the strength 
and distribution of new patterns (which in turn may depend on the model and trace gases 
emission scenario analyzed), it may become increasingly more difficult to find good analogues 
as the climate changes proceed into the future, because the predictors are based on a period in 
which the effects of anthropogenic climate change are small compared to natural variability.  
Fortunately, it is possible to monitor the skill with which large‐scale analogues can be 
constructed, and that monitoring provides a tool for diagnosing when the historical record is 
failing to provide adequate predictors.  In this regard, the preliminary analyses by the authors 
are encouraging, because they show, for the NCAR Parallel Climate Model and a single 
emission scenario, that large‐scale analogues of projected climate‐change trends could be 
constructed from historical patterns without degradation throughout the twenty‐first century 
(results to be presented separately). Previous studies using other models and emission scenarios 
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obtained good analogues of climate change weather patterns using historically observed 
patterns (e.g., Zorita et al. 1995). Thus, the downscaling method presented here offers many 
potential uses, relying where possible on the particular strengths of the large‐scale models while 
providing flexibility for capturing unexpected changes in the large‐scale climate projections and 
weather predictions. 
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8.0 Glossary 
BSS  Brier skill score 
COOP  cooperative observer 
CRD  Scripp’s Climate Research Division 
d.o.f.  degrees of freedom 
GCM  general circulation model 
hPa  hectopascal 
IQR  interquartile range 
Km  kilometer 
LDAS  Land Data Assimilation Systems 
MRF  medium‐range weather forecast 
MSE  Mean square error 
MSEref  Mean square error, reference 
NCAR  National Center of Atmospheric Research 
NCDC  National Climatic Data Center 
NCEP  National Center of Environmental Prediction 
NOAA  National Oceanic and Atmospheric Administration 
P  precipitation 
PCA   Principal Component Analysis 
PRISM  Parameter‐elevation Regressions on Independent Slopes Model 
RCM  regional climate model 
RMSE  root mean square error 
SLP  sea level pressures 
Tavg  average temperature 
Tmax  maximum temperature 
Tmin  minimum temperature 
UTC  Coordinated Universal Time  
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VDD  van den Dool 
VIC  Variable Infiltration Capacity  
VPC1  variance explained by the first principal component 
 
